This study applies a neural network technique to produce maps of oceanic surface pCO2 in the Prydz Bay in the Southern Ocean on a 0.1 longitude  0.1 latitude grid based on in-situ measurements during the 31 th CHINARE cruise for February 2015. The study area was divided into three regions, Open-ocean region, Sea-ice region and Shelf region. The distribution of oceanic pCO2 was mainly affected by physical process in the Open-ocean region where mixing and upwelling became the main controls. While in the Sea-ice region, oceanic pCO2 changed sharply due to the strong change of seasonal ice. For the Shelf region, biological factor was the main control. The weekly oceanic pCO2 was estimated using a self-organizing map (SOM) by four proxy parameters (Sea Surface Temperature, Chlorophyll a concentration, Mixed Layer Depth, and Sea Surface Salinity) to resolve the nonlinear relationships under complicated biogeochemical conditions in Prydz Bay region. The reconstructed oceanic pCO2 coincides well with the in-situ investigated pCO2 from SOCAT, in the root-mean-square error of 22.14 μatm.
Introduction
The role of the ocean south of 60°S in the transport of CO2 to or from the atmosphere is still uncertain despite of its importance of reducing anthropogenic CO2 in the atmosphere ( (Heil et al., 1996) . A westward flow along the shelf, that is part of the wind-driven Antarctic Slope Current (ASC), supplies water to Prydz Bay. In the austral summer, with longer daylight and increased solar radiation, sea surface temperature increases, ice shelf breaks and sea ice melts, resulting in stratification of the water column. Prydz Bay region is host to a marine ecosystem that interacts with the physical environment which makes it complicated to study the spatiotemporal variability and mechanism of oceanic pCO2.
Despite the importance of carbon cycle in the Southern Ocean, the observations are rather limited to analyze the spatiotemporal variation in the Prydz Bay. The analysis of temporal variability and the spatial distribution mechanism of oceanic pCO2 in Prydz Bay was limited to cruises or stations (Gibsonab and Trullb, 1999; Gao et al., 2008; Roden et al., 2013) . To estimate regional sea-air CO2 fluxes, it is necessary to interpolate between in-situ measurements to obtain the maps of oceanic pCO2. Such an interpolation approach, however, is still a difficult task because observations are too sparse in both time and space to capture the high pCO2 variability.
Satellites do not measure pCO2 but they give access to parameters related to the processes that control its variability. The seasonal and geographical variability of surface water pCO2 is indeed much greater than that of atmospheric pCO2. Therefore, the direction of the sea-air CO2 transfer is mainly regulated by the oceanic pCO2. Linear regression extrapolation method has been Thus, this method is insufficient to represent all the controlling factors. In this study, we applied self-organizing map (SOM) analysis to expand our observed data sets and estimated the oceanic . SOM has been proved to be useful to expand a spatial-temporal coverage of direct measurements or to estimate properties whose satellite observations are technically limited. One of the main benefits of the neural network method over the more traditional techniques is that there is more accurate representation of the highly variable system of interconnected water properties (Nakaoka et al., 2013) .
During the 31 th CHINARE in Prydz Bay, we have conducted a survey on partial pressure of CO2 in oceanic water and atmosphere from the beginning of February to the early of March (data of the cruise track is shown in Fig. 2 ). This study is aimed to apply the SOM method to reconstruct the temporal and spatial variability of oceanic pCO2 distribution in Prydz Bay from 63°E to 83°E, 64°S to 70°S and discuss the capability of carbon absorption in February 2015.
The paper is organized as followed. Section 2 provides the descriptions of the in-situ measurements and the SOM methods. Section 3 presents the analysis and discussion of the results. Section 4 presents the summary.
Data and method

in situ data
The in situ underway pCO2 of marine water and atmosphere was collected during the 31 2-a, b) . Sea water at 5 meters underneath the sea surface was pumped continuously to the GO system (GO Flowing pCO2 system, General Oceanics Inc., Miami FL, USA), and the partial pressure of the sea surface water is measured by an infrared analyzer (LICOR, USA, Model 7000). The analyzer was calibrated every 2.5-3 h using four standard gases at pressures of 88.82 ppm，188.36 ppm，399.47 ppm，528.92 ppm supplied by NOAA's Global Monitoring Division. The accuracy of the measured pCO2 is within 2 μatm (Pierrot et al., 2009 ). The underway pCO2 in atmosphere was simultaneously collected by the GO system.
Sea ice melt has a significant impact on the local stratification and circulation in polar region. Salinity records the physical processes. During freezing, salt is excluded from ice, and thus increase the ocean surface salinity. This is so called brine rejection. When ice begins to melt, fresher water is added into the ocean to dilute the ocean water, i.e., reducing the salinity. In this study, we treat salinity as an index for the change of sea ice. The underway sea surface 
SOM method and input variables
We hypothesize that oceanic pCO2 can be reconstructed through the SOM based multiple non-linear regression with four proxy parameters (Eq. 1): sea surface temperature (SST), the abundance of photo-synthesizing organisms in the surface ocean represented by the chlorophyll-a concentration (CHL), mixed layer depth (MLD), and sea surface salinity (SSS). 
The SOM is trained using unsupervised learning to project the input space of training samples to a feature space (Kohonen, 1984) , which is usually represented by grid points in two- During the second process, each preconditioned SOM neurons is labeled with an observed oceanic pCO2 value. The labeling dataset consisting of the observed pCO2 and the normalized SST, CHL, MLD and SSS is presented to the neural network and then a winner neuron is found.
After the labeling process, neurons are represented by five-dimensional vectors.
Finally, during the mapping process, the labeled SOM neurons created by the second process and trained SOM neurons created by the first process are used to produce oceanic pCO2 of the winner neuron according to the geographical grid points of the study area.
We used four datasets including SST, CHL, MLD, and SSS (SCMS) to train the SOM. All the daily datasets were first averaged to be 8-d fields regarded as weekly for this study. 
Validation of SOM derived oceanic pCO2
To validate the oceanic pCO2 reconstructed by the SOM analysis, we used the fugacity of oceanic CO2 datasets (referred as "SOCAT" data hereinafter) from the Surface Ocean CO2 Atlas 
Carbon uptake in the Prydz Bay
The flux of CO2 between the atmosphere and the ocean was determined by two items.
One is the difference in CO2 concentration across the sea-air interface and the other is the transfer velocity which is a function primarily of wind speed and temperature. The equation to calculate the sea-air carbon flux was simplified as a function of wind speed and delta pCO2 (from sea to air) in eq. 2, Xu et al. (2016) . For the weekly estimation in this study, the scaling factor for the gas transfer rate is changed to 0.251 for a shorter time scale and at intermediate wind speed ranges (Wanninkhof, 2014) . For each grid, weekly sea-air carbon flux in the Prydz Bay can be estimated by Eq. (2):
where U represents wind speed 10 m above sea level, pCO2_sea and pCO2_air are partial pressure of CO2 in sea water and atmosphere.
We downloaded weekly ASCAT wind speed data (http://www.remss.com/, see Chlorophyll-a value shows remarkably as high as 11.04 mg/m 3 from 72.3°E, 67.3°S to 72.7°E, 68°S when sea ice retreated eastwardly. In the bay mouth close to the Fram Bank, due to the local upwelling water salinity increased remarkably to around 33.2. Biological pump becomes the dominant factor of the distribution of oceanic pCO2.
Quality and maps of SOM derived oceanic pCO2
We selected SOM derived oceanic pCO2 to fit the cruise track of SOCAT for a same period using a nearest grid method. The slope of the scatter plot showed that SOM derived oceanic pCO2 is lower than the SOCAT data (see Fig. 4-b) . The RMSE between the SOCAT data and SOM derived result is calculated as follows: 
RMSE=
where n is the number of the validation dataset. The RMSE could be used interpreted as an estimation of the uncertainty in SOM derived oceanic pCO2 in Prydz Bay. In this study, the RMSE is 22.14 μatm. This is consistent with the accuracy (6.9 μatm to 24.9 μatm) achieved in previous studies using neuron methods to reconstruct oceanic pCO2 (Nakaoka et al. Increasing the spatial coverage of the labeling data will help to increase the precision of SOM derived oceanic pCO2. 
Spatial and temporal distributions of SOM derived oceanic pCO2
In austral winter, the entire Prydz Bay basin is fully covered by sea ice except for a few As shown in Fig.5 -a, Sea ice in Open-ocean region and Sea-ice region started to melt from In the Open-ocean region, sea ice started to melt in the beginning of February. In most area of the Open-ocean region it was sea ice free while the average sea ice coverage is only 18.14%. The ice cover is mainly associated with the outstretching permanent sea ice. Affected by the upwelling CDW, the stability of water was weak and not suitable for the growth of phytoplankton. It is also evidence by, the observed biological productivity, which was below 0.5
. From the distribution of SOM derived oceanic pCO2 as shown in Fig. 6, oceanic pCO2 value was the highest compared to the Sea-ice region and the Shelf region. From week-1 to week-4, oceanic pCO2 increased a little and reached 381.42 μatm which was equivalent to that of atmosphere. In the western part of Open-ocean region, oceanic pCO2 decreased due to mixing with low oceanic pCO2 flew from the high latitude by the large gyre. Over the whole study period, the averaged ocean-air pCO2 difference (△pCO2) is largest in the Shelf region, then follows the Sea-ice region and Open-ocean region. △pCO2 from Shelf region changed from -184.31μatm to -141.00 μatm as the chlorophyll decreased. The sea-air difference of pCO2 in the Sea-ice region and Open-ocean region showed the same pattern. It increased from week1 to week3 then decreased in week4. Based on the △pCO2 and wind speed, the uptake of CO2 (eq. 2) in three regions is presented in Fig. 7 . In Shelf region the low oceanic pCO2 levels drove relatively intensive CO2 uptake from the atmosphere. Carbon uptake in Shelf region increased from week-1 (2.13 TgC) to week-2 (2.24 TgC) due to increased wind speed.
Carbon uptake in Prydz Bay
While in week-3, wind speed slowed down, resulting in the uptake of CO2 in Shelf region decreased to 1.70 TgC. In week-4, even the △pCO2 was the lowest, the total absorption still increased to be 2.03 TgC due to the high wind speed (averaged value of 7.9 m/s). The total carbon uptake in Prydz Bay of three regions integrated over the whole February 2015 was 18.7 TgC. The uncertainty depended on the errors for the wind speed, the scaling factor and the accuracy of SOM derived pCO2 according to Eq.2. The scaling factor will yield a 20% uncertainty to regional flux estimation. The errors in wind speeds of Ascat dataset is assumed to be 6% and will be 12% in quadratic wind speed. For the SOM derived pCO2 the RMSE is 22.14 μatm. Considering the errors above and an uncertainty occurred when the sea-air computation expression was simplified (1.39%, Xu et al., 2016) , the total uncertainty of the final uptake is 4.93 TgC.
Summary
According to different controls factors of ocean pCO2, the Prydz Bay region was divided into three sectors for February 2015. In Shelf region biological factor was the main control for oceanic pCO2 while in Open-ocean region mixing and upwelling became the main controls. In Sea-ice region, due to the rapid sea ice changing, oceanic pCO2 was controlled by both the 
